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Personalized & Adaptive Tech for Health
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Patient

How can we design
tools that account for
individuals’ changing

health needs?

(NU-PATH Lab)

Community

How can we integrate
mental health support
within community
organizations?

iy

Clinic
How should we design
for decision-support
tools embodying
machine learning
models



Why technology fails

Study

Favorable response to CDSS

Unfavorable response to CDSS

CDSS Description

Bergman & Fors (2005) [15]

Curry & Reed (2011) [16]

Gadd et al (1998) [18]

Johnson et al (2014) [19]

Rosenbloom et al (2004)
(20]
Rousseau et al (2003) [21]

Shibl et al (2013) [22]

Sousa et al (2015) [23]

Terraz et al (2005) [24]

Wallace et al (1995) [25]

Zheng et al (2005) [17]

Can save time and provide structure

Concept was supported

Easy to use, limits the need for data entry,
accurate, and relevant

Longitudinal acceptance behavior, per-
ceived ease of use, and perceived usefulnes

Can improve efficiency and quality of care;
enhances education

Use of “active” CDSS can bridge the gap
between own practice and best practice

Performance expectancy, usefulness, and
effort expectancy

Belief that the suggestions were good for
the patient

Ease of use and easy access to information

Can improve patient outcomes

Improves performance leading to better
care, easy to use, and efficient

Not suitable to workflow and there
is the risk of becoming dependent

Interference with workflow and
questionable validity

Benefits are lost because it takes so
long to use

Computer literacy, user satisfaction,
and general optimism

Senior physicians did not think it
Was necessary

Clinicians found it to be difficult to
use and unhelpful clinically

Trust in CDSS and need for the
system

Low confidence in the evidence

Information that is presented is al-
ready known

Alerts are ignored because there is
not enough time to dedicate to
forming an appropriate response

Iterative advisories, lack of rele-
vance, a lot of data entry, and disrup-
tive

CDSS for medical diagnosis of
psychiatric diseases

Prompts for adhering to diagnostic
imaging guidelines

Internet-based system that interac-
tively presents clinical practice
guidelines at point of care

Clinical reminders and alerts for
patients with asthma, diabetes, hy-
pertension, and hyperlipidemia

CDSS for computerized order entry
system

CDSS for chronic disease in general
practice

No specified CDSS; responses
based on past and present experi-
ences with multiple CDSSs

CDSS for nursing care plan

Guidelines for colonoscopies

CDSS to standardize administration
of supplemental oxygen

Clinical reminders for chronic dis-
eases and preventive care

Khairat S, Marc D, Crosby W, Al Sanousi A. Reasons for physicians not adopting clinical decision support systems: Critical analysis. J Med Internet Res. 2018;20(4).



Research Process

1. Understand the
sociotechnical
system

Common Methods:

1. Qualitative + Participatory
design studies with

4. Longitudinal
ongitudina stakeholders

field evaluations

2. Iterative, user
centered

2. In-lab user studies

3. Field trials
3. Developing

computational
techniques for
complex settings




Understanding Implementation Barriers

Factorial experiment with clinicians

» To study how ML interface design influences behavior
» Surprise: Years of of clinical training won’t overcome an inaccurate recommendation!

User-Centered design

» To involve healthcare experts directly in the development of new tools
» Surprise: No participants initiated discussions about trust in ML models



Why study antidepressant recommendations?

Hard problem:
» 2/3 of patients don’t reach remission after first antidepressant
trial

* 1/3 of the patients do not remit despite up to four
antidepressant trials

€ G Oftentimes I'll have the choice of four or five different
medications and not any great reason to choose among
them.



ML Outputs

ICD Codes
CPT Codes

Medications

Stabilit score: The probability of continued use of the same medication for at least
3 months?

Dropout score: The probability of early treatment dlscontlnuatlon following
prescription while staying in the same health system?

Personalized treatment recommendations



MDD Study 1
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Explanation

. Which antidepressant medication would you be

most likely to prescribe in this situation?
How confident are you with this decision? (1-5)

How frequently do you prescribe this
medication? (1-5)

. To what extent did the recommendations help

you to make your treatment decision? (1-5)
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Explanation

. Which antidepressant medication would you be

most likely to prescribe in this situation?

How confident are ith thi

What makes a recommendation
incorrect?

Existing tolerability & safety standard:

* Fatigue = avoid sedating
(Mirtazapine)

 Suicidality = favor drugs safer in
overdose
(avoid bupropion)



MDD Study 1

Age (SD) 42.52 (9.28)
Medlical specialty (%)
Psychiatry 195 (88.64)
Primary Care 18 (8.18)
Other 7 (3.18)
Years of experience prescribing antidepressants (IQR) 10 (7-15)

Machine-learning familiarity (%)

Extremely familiar 45 (20.45)
Very familiar 51(23.18)
Moderately familiar 30 (13.64)
Slightly familiar 54 (24.55)

Not familiar at all 40 (18.18)



An algorithm performing better
than a person will not always lead
to improved decision-making

DECISION ACCURACY

(accuracy based on concordance with psychopharmacology experts)



Clinicians, even with years of
training, are at risk of over-trusting
imperfect tools
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Explanation style matters

1. Baseline (no treatment recommendation) 4. Rule-based explanation

‘Why are these therapies being recommended?

The following rules had the highest contributions to system.15's predictions:
1. If concern for QT prolongation, favor Sertraline, avoid Citalopram
2. If avoiding weight gain, favor weight loss, favor Bupropion, avoid Mirtazapine
3. Place bo 3. If concern for increased blood pressure, avoid SNRI's
4. If lack of response to Paroxetine, avoid SSRI's

2. Treatment recommendation only (no explanation)

Why are these therapies being recommended?

System.09's predictions are based on the patient's ICD-9 codes.
5. Feature-based explanation

Why are these therapies being recommended?

The following patient features had the highest contributions to system.12's predictions:

Contribution
Diabetes, weight loss I (.14
High blood pressure I (.12
QT prolongation G (.08
Prior SSRI non-response IS (.07

Feature



Feature importance explanations
considered more helpful, but
reduced accuracy

— = Correct

0-3 T/-gg?
g_\‘n-as



IELGENWENR

1. Incorrect ML recommendations may adversely impact clinician
treatment selections

2. Explanations are insufficient for addressing overreliance on
imperfect ML algorithms

3. Findings challenge the common assumption that clinicians
interacting with ML tools will perform better than either clinicians
or ML algorithms individually.

Jacobs, M., Pradier, M. F., McCoy, T. H., Perlis, R. H., Doshi-Velez, F., & Gajos, K. Z. (2021).
How machine-learning recommendations influence clinician treatment selections: the
example of antidepressant selection. Translational psychiatry, 11(1), 1-9



MDD Study 2: Co-design DSTs with clinicians for

use in prlmary care

Feople lechnolog) » Focused on primary care

» Consider the social, technical, and
organizational issues
Infrastructure
» 14 co-design sessions with primary
care providers

Goals Processes



Initial Prototype

Patient Information

Gender: M

Search for Med Effects by Drug

Date of Birth: 1955-06-12 (Age: 59)

Race: Hispanic Enter a drug name to see whether it is favorable or unfavorable given the patient's encounter history.

Stability: 62.49% (Probability of the continued use of the same medication for at _
least 3 months)

Dropout: 29.26% (Probability of early treatment discontinuation following
prescription while staying in the same health system)

venlafaxine (relevant conditions: 3)

Reasons this drug is favorable:

The patient has pain, as seen in the encounters listed below.
07-Jan-2011: Abdeminal pain, right upper quadrant (Code: 78901)

Weighted Stability Important Features: E

012 010 0.08 -0.06 -0.04 002 0.00 002 004 0.06 0.08 010 012 014
- L L1 1 1 f I

Reasons this drug is unfavorable:

insomnia with sleep apnea (78051)

The patient has concern_sexual_disfunction, as seen in the encounters listed below.

adult failure to thrive (7837) 07-Jan-2011: Psychosexual dysfunction with inhibited sexual desire (Code: 30271)

The patient has underweight, as seen in the encounters listed below.
07-Jan-2011: Adult failure to thrive (Code: 7837)

date numeric yrs from 1970

screening for malignant neoplasms of prostate (v7644)




How DSTs may better engage with the healthcare system in to support

complex treatment decisions

1. Engage patients in the decision-making process

“Having an option like, patient is also worried

about this and that. You can click on the two

major side effects and then based on that, a
specific drug will come up.”



How DSTs may better engage with the healthcare system in to support

complex treatment decisions

1. Engage patients in the decision-making process

Infrastructure 2. Show a path forward

“If there is a lower stability and higher
dropout that it would be important to then
involve more of a care team... | would say, let
me have so-and-so in my clinic call you in two
weeks.”



How DSTs may better engage with the healthcare system in to support

complex treatment decisions

1. Engage patients in the decision-making process

2. Show a path forward

3. Consider resource constraints: trust in the technology will not be decided at each
decision point.

“l don’t know if you necessarily need to get
into super nitty-gritty details”



How DSTs may better engage with the healthcare system in to support

complex treatment decisions

1. People: Engage patients in the decision-making process

2. Processes: Show a path forward

3. Resource constraints: Do not require trust in the technology to be decided at each
decision point

4. Domain Knowledge: Adapt designs for instances in which model output contrasts
with existing domain knowledge



Prototype Redesign

Dropout Probability: 28% ogran Y Dropo St
This patient's dropout is in the top quartile. You may want to 001 :
consider 1
« Initial low titration £ 4009 :
« Early follow up 2 |
+ Psychoeducation or evidence-based psychotherapy such as ; 300 { :
cognitive-behavioral therapy, if available v H
g 2004
Our recommendations: ™
M ¢ ). 5 3 0. a0
> Create multi-user systems i
» Connect to healthcare processes G e
Sort By Faw utre Favor/Avoid Avoid

» Design for resource constraints
» Adapt for contrasting information

Toggle Conditions
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Decisions: A Sociotechnical Lens. In CHI Conference on Human Factors in Computing Systems (CHI '21), May 8-13, 2021, Yokohama, Japan. ACM, New York, NY,
USA, 14 pages. https://doi.org/10.1145/3411764.3445385



Steps Forward

* Designing with patients: Can we give patients a
greater voice in treatment decisions?

* Designing for instances in which the model output
diverges from existing domain knowledge.

* How do clinicians use Al tools during patient
encounters?
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